We examine the effects of divergence of sentiment on trading volume and stock price volatility.
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leads to higher absolute price changes, their model further predicts a positive relation between disagreement and stock price volatility. 2 Potential divergence of sentiment within a nation could result from various factors. For example, a national sports event might divide the nation, the weather might vary within the nation, or the nation might experience high temperatures, which are preferred by some but not by others. In addition, divergence of sentiment is likely as people's sentiment might be driven by relatively random factors like a good night's sleep, and different people might respond to different factors -some care more about sports, while others care more about the weather.
To capture the divergence of sentiment in a nation, we examine status updates on Facebook. Facebook is the world's largest social network site, with about 40 million status updates per day (Kramer, 2010) . These status updates are informative about sentiment, which is defined by investorwords.com as "a measurement of the mood of a given investor or the overall investing public, either bullish or bearish." Because Facebook's Data Team records both the daily appearance of positive and negative words in status updates, we are able to construct a measure of divergence of sentiment. Importantly, sentiment on Facebook is likely to capture investor sentiment as participation rates on Facebook are very high (Siganos et al., 2014) .
Although many Facebook users are relatively young, the average age is about 31 years (Kramer 2 On the other hand, in many other asset-pricing models trading volume is caused by unanticipated liquidity and portfolio balancing needs of investors (Hong and Stein, 2007) , and differences of opinion should then be less relevant. In fact, the no-trade theorem of Milgrom and Stokey (1982) states that disagreement does not induce trading but leads to a revision of market beliefs as each trader considers why other traders might be willing to trade at a particular price.
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and Chung, 2011), with more than a quarter of Facebook users older than 45, and less than ten percent younger than 18. It is also important to note that although investors may be underrepresented on Facebook, factors that make Facebook users' sentiment more diverse, like the outcome of the Super Bowl, are also likely to have differential effects on the sentiment of investors.
We obtain the divergence of sentiment on Facebook for 20 countries during the period from September 2007 to March 2012, and find that high divergence of sentiment is positively related to contemporaneous trading volume and stock price volatility. In addition, as status updates also occur after the close of trading, we show that our divergence of sentiment measure is related to trading volume and volatility on the next trading day. These results hold for different regions and are robust to controlling for the level of sentiment.
Our results add to the behavioral finance literature by highlighting the importance of divergence of sentiment rather than the level of sentiment. Other studies have focused on sentiment levels. For example, Chang et al. (2008) find that cloudy weather is related to high transaction volumes, and Brown (1999) and Lee et al. (2002) find that unusual high levels of sentiment are associated with high volatility. We corroborate findings of earlier studies on the effects of the level of sentiment, but document that the effect of divergence goes beyond this initial effect.
The main strengths of using Facebook data are the availability of daily data and the extremely high number of participants. Alternative sources such as surveys typically have to rely on monthly data, which highly complicates testing contemporaneous relations between sentiment and stock markets. Surveys also have to rely on a much smaller set of respondents. For example, 6 the Michigan Consumer Sentiment survey is distributed to 500 households and the Consumer Confidence Index to 5,000 households. Our measure is based on millions of participants and is available every day. When we were reading through Facebook status updates, it also quickly became clear that these updates indeed predominantly represent people's mood, rather than events with potentially important effects on the economy.
3 Moreover, Facebook data allows us to study the relations in an international setting as over 80% of Facebook users reside outside of the United States (Wilson et al., 2012) .
We also contribute to empirical studies on divergence of opinion. Most of these studies confirm the positive relation between differences of opinion and the probability of trade. 4 We differ from these studies by specifically focusing on differences in sentiment, rather than on, for example, opinions on earnings announcements. Because we find evidence in line with theories of trade based on differences of opinion, our results suggest that previously developed propositions in the disagreement literature apply to the behavioral field. Finally, our results contribute to the literature on the determinants of trading volume and stock price volatility (see, for example, Karpoff, 1987 ). An understanding of the drivers of trading volume and stock price volatility is important for forecasting, derivatives pricing, risk management, and financial market regulation. We show that divergence of sentiment is a significant determinant of the probability of trade and the volatility of stock markets.
The remaining of the paper is structured as follows. Section II describes our data, and we discuss our results in Section III. Section IV concludes this study.
II. Data
We download daily positive and negative sentiment data from Facebook, which are available for 20 international markets. Facebook constructs these sentiment indexes by analyzing the percentage of positive and negative status update terms as defined in the Linguistic Inquiry and Word Count Dictionary. 5 A defining feature of status updates is that they are self-descriptive messages, and are not directed by any question from a researcher. 6 Karabulut (2014) and Siganos et al. (2014) find that the level of sentiment on Facebook is positively related to other sentiment indexes, including the Google sentiment index of Da et al. (2014) .
We define divergence of sentiment (DoS) as the daily absolute distance between positive and negative sentiment as follows: 5 For further details on Facebook's sentiment index, see Kramer (2010) , Karabulut (2014) and Siganos et al. (2014) . difference between these scores is straightforward, as we want our score to reflect the distance between the positive sentiment and negative sentiment for the people in a country on a given day. If positive and negative standardized sentiment indexes in a country are both high on a given day, which indicates the presence of many happy and unhappy people that day, then our divergence measure will be relatively high. On the other hand, if a given day in a particular country is associated with an above average number of positive status updates and a below average number of negative status updates, our divergence measure will be relatively low. Table 1 shows the list of countries used in our study and the descriptive statistics for DoS.
We have one observation for DoS per country per day. We find that DoS varies from zero to 7
Facebook's Data Team excludes the high and low 10% of the days when estimating
to minimize the impact of extreme values on the estimation of daily sentiment levels. about 0.2. India has the highest average divergence of sentiment in our sample. As most countries are from either America or Europe, we also report statistics for these continents separately.
[ please insert Table 1 here ] We employ Datastream to obtain daily country-level trading volume and corresponding daily country-level return indexes (variable TOTMK). We standardize trading volume by subtracting the mean trading volume over our sample period in a country and dividing the result by the standard deviation of a country's trading volume over our sample period. We measure daily volatility using GARCH(1,1), which contains a constant element and one lag in stock returns (Bollerslev, 1986) .
III. Empirical Results

A. The relation between divergence of sentiment and trading volume
We first examine whether divergence of sentiment is related to trading volume. In a world in which sentiment matters, it seems intuitive that people are more willing to trade with one another when sentiment is diverse. We pool countries and focus first on contemporaneous relations. Our regression analyses include country and day-of-the-week fixed effects. We further use three lags of volume and returns, i.e., the volume and returns in the days prior to observing sentiment, to control for the possibility that past volumes and returns drive the relation between today's divergence of sentiment and volumes. We cluster standard errors by date to control for correlation in our variables across countries.
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[ please insert Table 2 here ]   Table 2 shows the results when pooling all countries. We find that there is a strong positive relation between DoS and trading volume. The parameter coefficient is 0.825 and the effect is statistically significant at the 1% level. Hence, a one standard deviation increase in divergence of sentiment is, on average, related to a contemporaneous daily increase in trading volume of 0.825 standard deviations. These results are in line with theoretical propositions by disagreement models (e.g., Karpoff, 1986; Harris and Raviv, 1993; Banerjee and Kremer, 2010) , which suggests that propositions in the disagreement literature can be applied in the sentiment literature.
To examine the representativeness of our results, we also pool countries in only America or Europe. Table 2 shows that the relations are statistically significant in both continents. In short, diverging sentiment corresponds to a relatively high transaction volume in stock markets.
To obtain more insights into causality, we further examine the relation between the divergence of sentiment on day t and trading volume on day t+1. In doing so, we exploit status updates in the evening. Vitrue (2010) reports that Facebook activity is still high at 8 pm, i.e., after the close of the stock market. Therefore, divergence of sentiment resulting from, for example, an evening's sport event may be reflected in the next day's trading activity. We report the relation between our divergence of sentiment measure and next day's trading volume in Table 3 . We find that the parameter coefficient of DoS is again significantly positive. This finding is representative of our overall sample, our American sample, and our European sample.
[ please insert Table 3 here ]
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B. The relation between divergence of sentiment and volatility
This section examines the relation between divergence of sentiment and stock price volatility.
The reason to examine stock price volatility originates from Harris and Raviv (1993) and Banerjee and Kremer (2010) , who argue that higher disagreement leads to higher absolute price changes, which implies a positive relation between disagreement and stock price volatility. In addition, volatility is likely to increase as divergence of sentiment could increase the number of noise traders. We measure stock market volatility with the GARCH(1,1) model, and again our regression analyses include country fixed effects, day-of-the-week fixed effects, three lags on returns and volatility, and standard errors clustered by date. Table 4 shows the parameter coefficients. We find that our divergence of sentiment measure is positively related to stock price volatility. The coefficient is 0.034 and statistically significant at the 1% level. This relation is economically significant, indicating that a one standard deviation increase in sentiment divergence is, on average, related to a contemporaneous daily increase in volatility of 3.4 basis points. We also report the results for America and Europe.
We find a coefficient of 0.018 for countries in America, and a coefficient of 0.041 for countries in Europe, and both effects are statistically significant.
[ please insert Table 4 here ] Table 5 reports our results when we use a one-day lag, and thus examines whether divergence of sentiment today affects stock market volatility tomorrow. Results are statistically significant at the 1% level for our sample and sub-samples. These results offer further credence to the relation between divergence and stock price volatility and limit concerns of potential reversed causality.
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[ please insert Table 5 here ]
C. Results after controlling for sentiment levels
In this section, we add the level of sentiment to our analysis. Status updates on Facebook can be used to create a sentiment level index by subtracting the standardized negative sentiment levels on a day from the standardized positive sentiment levels that day. Karabulut (2014) and Siganos et al. (2014) argue that Facebook's sentiment level could affect financial markets. In fact, Siganos et al. (2014) report that pessimism on Facebook is related to increases in both trading volume and stock price volatility. They argue that this evidence is in line with predictions from psychology that temporary pessimism could cause investors to trade more to overcome their negative sentiment with a positive outcome from an alternative activity. Relatedly, Chang et al. (2008) find that cloudy weather is related to high transaction volumes, and Brown (1999) and Lee et al. (2002) find that unusual high levels of sentiment are associated with high volatility.
The goal of including the sentiment level in our analysis is to examine whether the effect of the divergence of sentiment is an effect beyond the effect of the level of sentiment.
[ please insert Table 6 here ] Table 6 includes both the divergence of sentiment measure and a sentiment level measure in one regression specification, along with the control variables that we used earlier. We examine both trading volume and stock price volatility and estimate parameter coefficients for contemporaneous and for one-day lag regressions. Panel A of Table 6 reports the results for trading volume. Most importantly, we find that the effect of the divergence of sentiment remains positive and economically and statistically significant after controlling for the level of sentiment. The results in Panel B show that controlling for the level of sentiment does not change our main conclusion that divergence of sentiment is positively related to stock price volatility.
For our overall sample, the relation is even statistically significant at the 1% level. Overall, our results suggest that divergence of sentiment and the level of sentiment capture different phenomena, which highlights the importance of examining the divergence of sentiment beyond examining sentiment levels.
IV. Conclusion
This study contributes to the behavioral finance field by highlighting the divergence of sentiment. We exploit Facebook data offering daily optimistic and pessimistic sentiment levels across 20 international markets and measure divergence as the distance between the optimistic and pessimistic levels of sentiment.
We base our predictions for the effects of the divergence of sentiment on the difference of opinion literature. Theoretical models of Karpoff (1986) , Harris and Raviv (1993) , and Banerjee and Kremer (2010) predict that higher disagreement is associated with more trading.
We indeed find that high divergence of sentiment is related to an increase in trading activity. In addition, we examine the prediction that divergence of sentiment affects stock price volatility, which also follows from the difference of opinion literature. We observe a positive relation between divergence of sentiment and stock price volatility.
14 Our findings indicate that sentiment can affect stock market trading, and show that some of these effects are not only due to an average level of sentiment. In fact, the average level of sentiment seems to hide an important dispersion in people's sentiment. Furthermore, our results suggest that previously developed propositions in the disagreement literature apply to the behavioral field, and we provide an additional determinant of trading volume and stock price volatility. This table shows whether divergence of sentiment (DoS) is related to contemporaneous trading volume. The parameter estimate represents the coefficient of regressing daily standardized trading volume on our daily DoS measure. Our sample period is September 2007 to March 2012. All regressions include day-of-the-week, week, month and country fixed effects. We report standard errors clustered by date, as shown in parentheses. *, **, and *** indicate statistical significance at the ten, five, and one percent levels, respectively. This table shows whether divergence of sentiment (DoS) is related to trading volume and stock price volatility after controlling for the level of sentiment. The parameter estimate represents the coefficient of regressing a daily measure of standardized trading volume or volatility estimated by using GARCH(1,1) on our
